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Abstract
High-speed trains (HSTs) are being widely deployed around the world. To meet the high-rate data
transmission requirements on HSTs, millimeter wave (mmWave) HST communications have drawn
increasingly attentions. To realize sufficient link margin, mmWave HST systems employ directional
beamforming with large antenna arrays, which results in that the channel estimation is rather time-
consuming. In HST scenarios, channel conditions vary quickly and channel estimations should be
performed frequently. Since the period of each transmission time interval (TTI) is too short to allocate
enough time for accurate channel estimation, the key challenge is how to design an efficient beam
searching scheme to leave more time for data transmission. Motivated by the successful applications
of machine learning, this paper tries to exploit the similarities between current and historical wireless
propagation environments. Using the knowledge of reinforcement learning, the beam searching problem
of mmWave HST communications is formulated as a multi-armed bandit (MAB) problem and a bandit
inspired beam searching scheme is proposed to reduce the number of measurements as many as possible.
Unlike the popular deep learning methods, the proposed scheme does not need to collect and store a
massive amount of training data in advance, which can save a huge amount of resources such as
storage space, computing time, and power energy. Moreover, the performance of the proposed scheme
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2is analyzed in terms of regret. The regret analysis indicates that the proposed schemes can approach
the theoretical limit very quickly, which is further verified by simulation results.
Index Terms
High-speed train (HST), millimeter wave (mmWave), beam searching, multi-armed bandit (MAB).
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3I. INTRODUCTION
As a fast, convenient and green public transportation system, high-speed trains (HSTs) with a
speed more than 300km/h are being deployed rapidly around the world. Characterized by high
mobility, the HST scenario is expected to be a typical scenario in the fifth generation (5G) mobile
communications and becomes an important topic [1]. To enable intelligent transport system,
numerous high-data-rate applications are required in this scenario, for instance, on-board and
trackside high definition (HD) video surveillance, train operation information, real-time train
dispatching HD video, and journey information [2], [3]. To guarantee the safety and quality-
of-service (QoS) of these applications, a reliable communication link between the train and the
ground plays a key role. The dominant wireless communication system for current railways is
the global system for mobile for rail (GSM-R), which is a narrow-band communication system
and only supports a peak data rate of 200kbps [4]. Moreover, the GSM-R is specifically used
for train control and cannot support high-data-rate transmissions. Using existing technologies,
various schemes, such as the multimodal global mobile broadband communication (MOWGLY)
developed by the Europe and the HST "Series N700" proposed in Japan, have been proposed for
broadband wireless access on HSTs. However, the data transmission rates of current technologies
are relatively low (e.g. 2 4Mbps), which is insufficient for the rapid growth of railway services.
To meet the growing requirements of high-data-rate transmission, long-term evolution for railway
(LTE-R) is recommended to provide broadband wireless communications for HSTs. However,
due to the limitation of spectrum bandwidth, LTE-R cannot provide broadband radio access
for each user in HSTs. Moreover, the spectrum used by current mobile communication system,
which concentrates in sub-6 GHz, has become increasingly congested. To tackle this challenge,
one approach is to adopt unlicensed spectrum bands. In recent years, how to exploit the mmWave
band has drawn intensive attention in the academia and industry [5], [6].
Compared to the sub-6 GHz signal, the millimeter wave (mmWave) signal has a wide band-
width and a small wavelength. Since expanding the bandwidth is an effective and efficient
approach to increase the system throughput, mmWave communication is a promising technology
for the 5G [7], [8]. Moreover, the small wavelength of mmWave signals enables large antenna
arrays to be placed in a compact size, which can provide high gains and directivities to overcome
the inherent mmWave weakness, such as severe propagation loss and penetration loss. So far,
many efforts have been devoted to the research and development of mmWave communications,
October 16, 2018 DRAFT
4and it has shown that mmWave communications can boost the transmission performance in indoor
and outdoor scenarios. However, how to exploit the mmWave band in HST communications has
been becoming a challege in the academia and industry [9], [10].
A. Previous works
In conventional multiple-input multiple-output (MIMO) systems, each antenna is associated
with an individual radio frequency (RF) chain such that fully digital beamforming can be
implemented. However, in mmWave MIMO systems with large antenna arrays, due to the
hardware limitations, such as hardware cost, complexity and power consumption, fully digital
beamforming is infeasible [11]. Moreover, thanks to the high penetration and propagation loss of
mmWave signals, the mmWave channel is relatively sparse in the spatial domain. Thus, it is not
necessary to implement fully digital beamforming while the number of propagation paths in the
mmWave channel is limited [12]. Therefore, analog beamforming [13] and hybrid beamforming
[14] are usually adopted for mmWave communications, where phase shifters are often used to
adjust the phase of the transmitted or received signal on each antenna to realize beamforming.
Due to the additional hardware constraints and differences in beamforming architectures, classic
channel estimation schemes used in traditional MIMO systems are not applicable for mmWave
communication systems.
In mobile communications, channel estimation plays a key role to realize high quality services.
Thanks to the sparsity of mmWave channels, the propagation paths of mmWave communications
are normally estimated by searching the beam-steering directions of each path. Accordingly,
beam training based algorithms were proposed in [12], [15]. Usually, these algorithms divide
the process of finding each propagation path into multiple stages and refine the estimated
angular range to narrow the beam patterns in each stage. However, these multi-stage algorithms
can only estimate the channel state information (CSI) efficiently in point-to-point mmWave
scenario. For multiple-user scenarios, the training overhead scales linearly with the number of
users, which makes these multi-stage algorithms infeasible. To speed up the channel estimation
process in multi-user scenarios, several multi-user beamforming based algorithms have been
proposed to perform the simultaneous channel estimation for multiple channels. In [16], the
frequency tone-based estimation algorithm was proposed for multi-user channels. In [17], the
random compressed sensing-based estimation algorithms were analyzed by using random beam
directions. The training overhead is reduced to a certain degree by predetermining the number
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5of channel measurements performed by these random beamforming based algorithms. However,
different numbers of measurements are required for users with different coherent time and signal-
to-noise ratios (SNRs). Therefore, these algorithms may not work for all users so that they cannot
achieve the optimal performance. In [18], the authors proposed a simultaneous-estimation with
iterative fountain training (SWIFT) framework for the channel estimation of mutli-user mmWave
MIMO systems, and the training duration required for estimating the multi-user channels is
adaptively increased until a predetermined stopping criterion has been met at each user. By
examining all these channel estimation schemes, it can be found that only the instantaneous
measurements of CSI are exploited. Obviously, it is time-consuming to carry out the channel
estimation of mmWave communications with a large number of antennas. Especially, in the HST
scenarios, the mmWave channel varies quickly and the period of each transmission time interval
(TTI) is too short to allocate enough time for accurate channel estimation. Thus, the existing
schemes are not applicable for HST scenarios due to long estimation period.
In practice, the communication system is deployed and operated in a specific location, which
indicates that the system performance can be optimized dynamically according to the mea-
surements of wireless propagation environments. Recent investigations have found that these
measurements convey a lot of similarities between current and historical wireless propagation
environments [19]. With the fast development of machine learning, it is very promising to
exploit such similarities to further improve the communication performance. Out-of-band side
information, such as data from sensors and other communications and congruency between
the channels at mmWave and sub-6 GHz bands, are leveraged to assist beam training and
channel estimation in [20] and [21], respectively. In [22], the authors proposed a framework
of generating 5G MIMO dataset using ray tracing, and deep learning model was applied to
assist the mmWave beam selection. In [23], a deep learning solution was proposed for highly-
mobile mmWave applications with coordinated beamforming. In [24], a deep learning based
channel estimation algorithm was proposed for beamspace mmWave massive MIMO systems.
It can be observed that applying deep learning in mmWave communication systems has drawn
increasingly attentions. However, note that a massive amount of data must be collected and stored
in advance for deep learning methods. In most cases, the learning process consumes a huge
amount of computing time and power energy. Moreover, the learning process must be carried
out repeatedly with the change of the scenarios. Therefore, although deep learning methods are
promising to improve the performance of communication systems significantly, it is difficult to
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6realize deep learning methods in practical systems over diverse scenarios, which motivate us
to further explore alternative learning techniques to address the channel estimation in mmWave
HST communication systems.
B. Motivations and contributions
The idea that we learn by interacting with our environment is probably the first to occur to
us when we think about the nature of learning, which motivates the reinforcement learning.
Reinforcement learning is to learn what to do and how to map situations to actions so as
to maximize a numerical reward signal. The learner is not told which actions to take, but
instead must figure out which actions yield the most reward by trying them. In other words,
reinforcement learning is a method of machine learning in which data becomes available in
a sequential order and is used to update the best action for future environments at each step.
Compared with that of deep learning methods, the idea of reinforcement learning is attractive
for the future communication systems, which can save the storage space, computing resource
and power consumption significantly while boosting the transmission performance greatly.
In the HST scenarios, channel conditions vary quickly and channel estimations must be
performed frequently. Since the period of TTI is very short, the number of measurements is
constrained for each TTI, and it is very important to select which paths to be measured in
the beam searching process. In reinforcement learning, this problem can be classified into the
sequential and selection problems, which can be solved by the multi-armed bandit (MAB) [25].
In the classic MAB, there are independent arms and a single player. At each time, the player
chooses one arm to play and obtains a random reward over time from an unknown distribution.
Different arms may have different reward distributions. The design objective is a sequential arm
selection policy that maximizes the total expected reward over a horizon of length. Inspired
by the successful applications of MAB in [26]–[28], this paper will try to formulate the beam
searching problem of mmWave HST communications as a MAB problem. All possible paths
can be modeled as arms and a bandit inspired beam searching scheme is proposed. During
the channel estimation, the achievable transmission rates over the selected arms (i.e., paths)
are measured and feed-backed as rewards. By updating the rewards of all arms, the wireless
propagation environments can be learned and exploited for improving the accuracy of channel
estimations while shortening the period of channel estimations. The performance of the proposed
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7scheme is analyzed in terms of regret. The regret analysis indicates that the proposed schemes
can approach the theoretical limit very quickly, which is further verified by simulation results.
The rest of this paper is organized as follows. The system model is introduced in Section II.
In Section III, the beam searching problem is formulated for mmWave HST systems. The bandit
inspired beam searching scheme is proposed in Section IV and the regret of the proposed scheme
is analyzed in Section V. Numerical results are presented in Section VI, and conclusions are
drawn in Section VII.
II. SYSTEM MODEL
In this section, we present our system model together with necessary assumptions, such as
the network configuration, mmWave MIMO HST channel model and signal model.
A. Network configuration
A proper network configuration is the basis of broadband wireless communications for HSTs.
Refer to the third generation project partnership (3GPP) mmWave HST scenario [9], a potential
network configuration for mmWave HST Systems can be depicted in Fig. 1. Along the track line,
many catenary masts are placed to hang the overhead line for supplying the electricity energy
of HSTs. Every few hundred meters, an mmWave remote radio head (mRRH) is installed on a
catenary mast to provide wireless connections for the HSTs. Several nearby mRRHs are further
connected to a common baseband processing unit (BBU) via high-bandwidth, low-latency optical
transport network [29]. The baseband processing is centralized and shared among mRRHs in
the BBU. All BBUs are further connected to the core network.
Due to high penetration losses of the Faraday cage characteristics of train, direct connections
between users on the fast moving HST and mRRHs are considered to be extremely difficult.
Therefore, an mmWave train access terminal (mTAT) is adopted to deal with the rapid channel
variation and frequent handovers from the users. Each mTAT is deployed on the front roof of the
train and connected to an in-cabin wireless access point which owns several radio interfaces of
multiple access technologies such as LTE and WiFi. The users in the train access wireless services
via these in-cabin access points. The on-roof mTAT communicates with mRRHs, and relays the
data traffic between the users and the broadband wireless networks. Both mRRHs and mTATs
employ the mmWave beamforming techniques to further increase the signal quality. Accordingly,
the mmWave HST communication is divided into the backhaul link between mRRHs and mTAT
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Fig. 1. The mmWave HST communication system.
outsides the trains, and the access link between in-cabin wireless access points and users within
the trains. It should be noted that the scenario of access link is similar to typical cellular
communications which has been discussed extensively for many years. Therefore, the main
challenge for mmWave HST communications lies in the backhaul link and will be studied in
this paper.
B. Sparse mmWave channel model in HST environments
It is known that mmWave channel will not likely follow the rich scattering model assumed at
low frequencies due to the limited number of scatters in the mmWave propagation environments.
The limited multipath components have different physical transmit steering angles and receive
steering angles, i.e., physical angles of departure (AoDs) and angles of arrival (AoAs). For
simplicity, each scatter is assumed to contribute a single propagation path. So far, the geometric
Saleh-Valenzuela channel model has been often adopted to characterize the low rank and spatial
correlation of mmWave channels in static or low mobility environments [12]. However, in rapidly
time-varying HST environments, the effects of Doppler shift must be considered. Without loss
of generality, it is assumed that the uniform linear antenna arrays (ULAs) are deployed at both
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9mRRH and mTAT. Mathematically, the mmWave channel model of the backhaul link can be
expressed as [30]
H =
√
NtNr
L∑
l=1
αla (Nr, φ
r
l) a
H
(
Nt, φ
t
l
)
ej2piνlt (1)
where Nt is the element number of ULA at mRRH, Nr is the element number of ULA at mTAT,
L is the number of effective channel paths corresponding to the limited number of scatters,
αl ∈ C is the complex gain associated with the lth path, φrl and φtl are the AoAs and AoDs,
respectively, and νl denotes the Doppler shift associated with the lth path. It can be known from
[31] that the line-of-sight (LoS) path always exists in rapidly time-varying HST environments
which is quite different from typical urban environments. Without loss of generality, the first
path, i.e., l = 1, is the LoS path and others are the non-line-of-sight (NLoS)/reflected paths. In
(1), a (Nr, φrl) ∈ CNr and a (Nt, φtl) ∈ CNt are the array response vectors associated with the
mTAT and mRRH, respectively, and depend on the antenna array structures. For the ULA with
N elements, the array steering vector can be presented as [32]
aULA (N, φ) =
1√
N
[
1, ej
2pi
λ
d sinφ, · · · , ej(U−1) 2piλ d sinφ
]T
(2)
where λ is the carrier wavelength and d is the inter-element spacing. Note that here we omit the
superscripts {r, t} in (1).
Reflectors on the
building faces
Fig. 2. Top view of the mmWave HST scenario with reflected paths.
To design an efficient beam searching scheme, the channel dynamics must be taken into con-
sideration. Fig. 2 illustrate a simplified model of typical propagation environments in mmWave
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HST scenario, which shows dynamic multipath propagation environment. It can be seen that
there exist many reflectors on building faces. Each reflector can generate a NLoS/reflected path
for the moving HST when it arrives at a specific location. Since the HST is moving at a high
speed, all NLoS/reflected paths can only exist for a very short time. Moreover, the generation or
disappearance of a NLoS/reflected path is difficult to predict in advance. Mathematically, except
for the LoS path, the lifetime of the NLoS/reflected paths can be characterized by the birth
and death process [31]. In other words, the number of effective channel paths L in (1) is no
less than 1 and changes over time. In order to describe the lifetime of NLoS paths, the system
time can be divided into consecutive wide-sense stationary (WSS) time windows ∆W . Usually
one ∆W consists of multiple TTIs. For a WSS window, whether there is a newly emerging
path is determined by the path number in previous WSS window, which can be described by
a conditional binary distribution. If there is a new path generated in the wth1 WSS window, the
terminated WSS window of the new path can be expressed as
w2 = w1 +
T
∆W
(3)
where T is the lifetime of new path and follows a truncated Gaussian distribution. The behaviors
of each path, including complex gain and Doppler shift, change over time.
C. Signal model
In order to measure the mmWave channel, the mRRH broadcasts a sequence of beamformed
pilot signals to mTAT. The transmitting and receiving beamforming operations are often realized
by the networks of RF phase shifters. Let fp ∈ CNt×1 and wq ∈ CNr×1 be the transmitting
and receiving beamforming vectors, respectively. Then, all elements of fp and wp have constant
modulus and unit norm, i.e., ‖fp‖=1, ∀p, and ‖wq‖=1, ∀q. Considering the hardware constraints,
each phase shifter is digitally controlled and can only choose one column from a discrete Fourier
transformation (DFT) matrix [33]. The DFT matrix of mRRH (mTAT) consists of the array
steering vectors of Nt (Nr) orthogonal beams spread over the entire angular domain, i.e.,
At = [a (Nt, arcsin (θ1)) , · · · , a (Nt, arcsin (θNt))]H (4)
Ar = [a (Nr, arcsin (ϕ1)) , · · · , a (Nr, arcsin (ϕNr))]H (5)
where θn = (n− (Nt + 1) /2) /Nt with n = 1, · · · , Nt and φn = (n− (Nr + 1) /2) /Nr with
n = 1, · · · , Nr are the normalized spatial directions for mRRH and mTAT, respectively. Fig. 3
shows the normalized beamforming patterns when N = 32 and N = 64.
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(a) N = 32 (b) N = 64
Fig. 3. Beam patterns of antenna array.
During the channel estimation, if the pth transmitting and the qth receiving beamforming
vectors are adopted at mRRH and mTAT, respectively, the received signals can be described as
yq,p =
√
PwHq Hfpsp +w
H
q nq,p (6)
where P is the transmit power within the channel estimation period, sp is the pilot sequence
on the pth transmitting beam, and nq,p ∼ CN (0, σ2INr) is the complex Gaussian noise vector
corrupting the receiving signals. Note that the transmitted signal s in (6) satisfies
E
{
ssH
}
= INS (7)
III. BEAM SEARCHING PROBLEM OF MMWAVE HST COMMUNICATIONS
Using (4) and (5) to measure the mmWave channel, the angle quantization errors are too small
to be noticed if the antenna array size is large enough. Accordingly, the physical channel matrix
H can be mapped to a virtual channel matrix (VCM) HV through the following relationship
HV =
1√
NtNr
Ar
HHAt (8)
The (i, j)th element of HV represents the channel state when the virtual angles seen by mRRH
and mTAT are θi and φj , respectively. For the entry of HV corresponding to the lth path, the
value is given by αl exp (j2piνlt). The sparse property of the physical channel model (1) results
in that there are L non-zero elements among NrNt entries of the VCM HV. In practice, the
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value of L changes with the location of HST. Therefore, searching for available paths in dynamic
environments can be formulated as a beam searching problem which tries to find Tx-Rx beam
pairs (i, j) with highest measured path gains for data transmissions.
In order to tackle the huge path loss in mmWave channels, the massive antenna arrays are
deployed at both mRRH and mTAT. Due to the large antenna array size, it would be time-
consuming to make a full estimation of mmWave channel by exploring all possible beams.
Especially in HST scenarios, the channel varies quickly over time which requires that the
channel estimation must be carried out frequently. Moreover, the period of each TTI is too
short to allocate enough time for accurate channel estimation. Intuitively, the sparsity property
of mmWave channels can be exploited to only search and estimate the several strong channel
paths with low overhead. It should be noted that the AoD and AoA associated with all paths are
changed with the location of HST. Moreover, due to the installation errors of antenna arrays,
even the AoD and AoA associated with the always existing LoS path cannot be predicted before
the system operation. However, since the beamwidth of large antenna array is very narrow, a
small variation of AoD or AoA associated with each path will result in a significant fluctuation
of beamforming gain. Therefore, the key challenge is how to design an efficient beam searching
scheme in such a way that the strong channel paths can be quickly searched, which will leave
more time for data transmission to achieve a higher throughput in practical systems.
IV. PROPOSED BEAM SEARCHING SCHEME
In this section, we intend to exploit the historic information to accelerate the beam searching.
The beam searching problem of mmWave HST communications can be formulated as a restless
MAB. Following the bandit terminology, each entry in HV is named as an arm. Therefore,
there are NrNt arms. At each timeslot t ∈ {1, 2, · · · } (corresponding to the period of one
TTI), totally M arms are selected from the NrNt arms for channel estimation. Considering the
limitation of mmWave HST communications, M is far less than NrNt. After channel estimation,
D (D < M ) arms with D largest path gains are chosen for data transmission. Each chosen
arm i ∈ {1, · · · , NtNr} contributes a particular transmission rate, here and thereafter known
as reward xi (t). The rewards xi (t) are calculated according to the received signal and this
information is fed back to update the information of the beaming searching.
The well-known upper confidence bound (UCB) algorithms proposed in [34] and their variants
are widely applied to many bandit problems. The basic idea of UCB algorithms is to estimate the
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unknown expected reward of each arm by making a linear combination of previously observed
rewards of the arms. Inspired by basic idea of UCB algorithms, this section will propose one
scheme to deal with beam searching problem in mmWave HST communications. To facilitate
the understanding, the detailed procedure are described as follows.
During the whole procedure, the proposed scheme maintains two kinds of bandit information.
The first one is the number of times that arm i has been chosen up to timeslot t, denoted as
ni, and the second one is the average of historical rewards obtained for arm i, namely µi. All
bandit information will be initialized to zero.
At the beginning of each timeslot, mRRH will search all available paths to maximize the
transmission rate. Although historical information can be exploited to shorten the beam searching,
the practical propagation environments of HST communications are not static. For example, a
growing tree besides the track line may create or eliminate some channel paths. In other words,
the expected reward of associated arm varies very slowly with time. Therefore, the exploration
is always needed. Since µi is regarded as an estimate of the true expected reward of arm i,
the arms which own the largest UCBs of rewards are chosen. Formally, the UCB of arm i is
calculated as
A (i) = µi + c
√
ln t
ni
∀i ∈ {1, · · · , NtNr} (9)
where c is a constant that determines the width of the confidence bound to control degree of
exploration. Using (9), M arms with largest UCBs can be selected such that
A (j1) ≥ A (j2) ≥ · · · ≥ A (jM) ≥ A (i) ∀i /∈ {j1, j2, · · · , jM} (10)
It can be observed from (9) that if the arm with large c
√
ln t/ni is chosen, an explorative
decision is made, since in such a case taking µi as the estimate of the true expected reward is
quite unreliable. Contrarily, if an arm with large µi is chosen, an exploitative decision is made.
Considering that c
√
ln t/ni decreases rapidly with time, the number of explorative decisions is
limited. Moreover, as c
√
ln t/ni becomes smaller, the average µi gets closer to the true expected
reward. Accordingly, the arms with the largest expected rewards are associated with the most
promising paths that can be exploited to maximize the transmission rate.
After the arm selection, an arm set can be obtained as
GM
∆
= {j1, j2, · · · , jM} (11)
For any arm i in GM , the channel state of the associated path is the (q (i) , p (i))th element of
HV. Therefore, the p(i)th transmitting and q(j)th receiving beamforming vectors will be used
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by mRRH and mTAT, respectively, to measure the associated path of arm i. Then, the mTAT
receives the signals as
yq(i),p(i) =
√
PwHq(i)Hfp(i)sp(i) +w
H
q(i)nq(i),p(i) i ∈ GM (12)
Then the mean received pilot signal power is obtained as
Y (i) =
1
Np
∥∥yq(i),p(i)∥∥22 i ∈ GM (13)
where Np is the length of pilot sequence. Meanwhile, the information of channel state, including
complex gains and Doppler shifts, can be obtained by classic estimation techniques, which is
beyond the scope of this paper. Among the measured M paths, only D paths with best channel
conditions will be chosen for further data transmissions. Mathematically, the associated arms of
the chosen D paths, namely k1, k2, · · · , and kD, are taken from G such that
Y (k1) ≥ Y (k2) ≥ · · · ≥ Y (kD) ≥ Y (i) ∀i ∈ GM\ {k1, k2, · · · , kD} (14)
To facilitate the following description, let GD
∆
= {k1, k2, · · · , kD} be the set of paths that is used
for data transmissions.
During the data transmission period, parallel D data streams will be transmitted over the
chosen D paths. At the same time, the mTAT will measure the transmission rate over each path.
The measured rates will be fed back to the mRRH to calculate the rewards of the associated
arms. The reward of a chosen arm is defined as a utility of its measured rate. Finally, the bandit
information of all unchosen arms can be updated as
µi =
xi + µini
ni + 1
∀i ∈ GD (15)
ni = ni + 1 ∀i ∈ GD (16)
The proposed beam searching scheme is shown as Table I.
V. REGRET ANALYSIS
In MAB, a quantity termed as expected cumulative regret is often used to characterize the
learning performance, which represents the cumulative difference between the reward of the
chosen arms and the maximum expected reward, which is attainable by a "genie" who knows
the expected reward of all arms. Accordingly, the objective of beam searching is equivalent to
minimizing the expected cumulative regret. The expected cumulative regret can be expressed as
RT = T
∑
i∈GD
µi − E
{
T∑
t=1
D∑
i=1
xi (t) Ii (t)
}
(17)
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TABLE I
ALGORITHM 1 PROPOSED BANDIT INSPIRED BEAM SEARCHING ALGORITHM.
1. t = 0, ni = 0, µi = 0, ∀i ∈ {1, · · · , NRNT}; // Initialization
2. While 1 do // Mainloop
3. t = t+ 1;
4. Use (9) to calculate the UCBs of all arms and update GM to satisfy (10);
5. Measure the channel state over the associated paths in GM ;
6. Choose D paths using (14) for data transmissions;
7. Feedback the transmission rates of the chosen D paths as the rewards of the associated arms;
8. Update the bandit information using (15) and (16).
9. End while
where Ii (t) is 1 at timeslot t if arm i is selected and 0 otherwise. This section will derive an
upper bound of the regret of the proposed beam scheme in (17).
Lemma 1. Under the proposed algorithm, the expected number of times that any arm i /∈ GD
is chosen after n timeslots satisfy
E {Ti (n)} ≤ 4c
2 lnn
∆2min
+ 1 +
pi2
3
(18)
where Ti (n) is the number of times that arm i is chosen after n timeslots, ∆min is the minimum
expected reward between arm i and any arm in GD, i.e.,
∆min = min
j∈GD
|µj − µi| (19)
Proof: To simplify the proof, we assume that there does not exist two arms with the same
expected rewards. Mathematically, Ti (n) can be expressed as
Ti (n) =
n∑
t=1
I {arm i is chosen at TTI t}
≤ l +
n∑
t=1
I {arm i is chosen at TTI t, Ti (t− 1) ≥ l} (20)
where I {x} is the indicator function defined to be 1 when the predicate x is true, and 0 when it
is false. Note that if one arm i /∈ GD is chosen at timeslot t, there must exist an arm j (t) ∈ GD
satisfying the following inequality
µˆi,Ti(t−1) + Ct−1,Ti(t−1) ≥ µˆj(t),Tj(t)(t−1) + Ct−1,Tj(t)(t−1) (21)
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where µˆi, ni is the mean of all the observed rewards of the arm i when it is observed ni times,
and Ct,s = c
√
ln t/s. Since the arm i does not belong to GD, it can be concluded that
µi < µj(t) (22)
Therefore, we have
n∑
t=1
I {arm i is chosen at TTI t, Ti (t− 1) ≥ l}
≤
n∑
t=1
I
{
µˆi, Ti(t−1) + Ct−1,Ti(t−1) ≥ µˆj(t), Tj(t)(t−1) + Ct−1,Tj(t)(t−1), Ti (t− 1) ≥ l
}
≤
n∑
t=1
I
{
max
l≤ni<t
µˆi, ni + Ct−1,ni ≥ min
0≤nj(t)<t
µˆj(t),nj(t) + Ct−1,nj(t)
}
≤
∞∑
t=1
t−1∑
nj(t)=0
t−1∑
ni=l
I
{
µˆi, ni + Ct,ni ≥ µˆj(t),nj(t) + Ct,nj(t)
}
(23)
The inequality µˆi, ni+Ct,ni ≥ µˆj(t),nj(t) +Ct,nj(t)indicates that at least one of following inequalities
must be held
µˆi, ni ≥ µi + Ct,ni (24)
µˆj(t),nj(t) ≤ µj(t) − Ct,nj(t) (25)
µi + 2Ct,ni ≥ µj(t) (26)
Using the Chernoff-Hoeffding bound [34], the upper bounds of the probabilities that the two
inequalities (24) and (25) hold are
Pr {µˆi, ni ≥ µi + Ct,ni} ≤ e−4 ln t = t−4 (27)
Pr
{
µˆj(t),nj(t) ≤ µj(t) − Ct,nj(t)
}
≤ e−4 ln t = t−4, (28)
respectively. From (26), we can derive that
Pr
{
µi + 2Ct,ni ≥ µj(t)
}
= Pr
{
µj(t) − µi − 2Ct,ni ≤ 0
}
≤ Pr
{
min
j(t)∈GD
{
µj(t)
}− µi − 2Ct,ni ≤ 0}
= Pr
{
∆min − 2c
√
ln t
ni
≤ 0
}
(29)
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By some algebra operations, we can derive that
Pr
{
µi + 2Ct,ni ≥ µj(t)
}
= 0 ni >
4c2 ln t
∆2min
(30)
Using (27), (28) and (30), the expectation of Ti(n) is upper bounded by
E {Ti (n)} ≤
⌈
4c2 lnn
∆2min
⌉
+
∞∑
t=1
t−1∑
nj(t)=0
t−1∑
ni=
⌈
4c2 lnn
∆2
min
⌉Pr {µˆi, ni ≥ µi + Ct,ni}
+
∞∑
t=1
t−1∑
nj(t)=0
t−1∑
ni=
⌈
4c2 lnn
∆2
min
⌉Pr
{
µˆj(t),nj(t) ≤ µj(t) − Ct,nj(t)
}
≤ 4c
2 lnn
∆2min
+ 1 + 2
∞∑
t=1
t−1∑
nj(t)=0
t−1∑
ni=1
t−4
≤ 4c
2 lnn
∆2min
+ 1 +
pi2
3
(31)
Using Lemma 1, we can derive the upper bound of the regret of our proposed algorithm.
Theorem 1. The expected regret of our proposed algorithms is upper bounded by
RT ≤
∑
i/∈GD
∆max
(
4c2 lnn
∆2min
+ 1 +
pi2
3
)
(32)
where ∆min is the maximum expected reward between arm i and any arm in GD, i.e.,
∆max = max
j∈GD
|µj − µi| (33)
Proof: From (17), we can derive that
RT ≤
∑
i/∈GD
∆maxE {Ti (n)} (34)
Using Lemma 1, (32) is obtained.
Theorem 1 shows the upper bound of the regret of the proposed algorithm, which grows
logarithmical in time and linearly in the number of arms.
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VI. NUMERICAL RESULTS
This section shows the performance of the proposed algorithm by simulations. Refer to the
3GPP mmWave HST scenario [9], a simulation platform is developed by deploying several
mRRHs along the track line. Without loss of generality, the distance between the neighboring
mRRHs is set to be 500m and the separation distance between each RRH and side track is
5m. For the downlink transmission, the carrier frequency is set to be 28GHz. Refer to [35], the
pathloss is modeled as
PL[dB] = 61.4 + 34lg (d) (35)
where d is the propagation distance of transmitted signals. The antenna gains of mRRH and
mTAT are assumed to be 25dBi and 12dBi, respectively. The maximum transmit power of
mRRH is set to be 33dBm and the thermal noise power at the receiver of mTAT is -80dBm. In
the simulations, the HST is assumed to be moving at the speed of 360km/h and the period of
TTI is assumed to be 0.25ms. Accordingly, the service time of each mRRH is totally 20,000
timeslot periods.
According to [31], totally 30 paths are generated for the 20000 timeslot periods, as shown in
Fig. 4. It can observed that the number of effective channel paths is changed with the time (i.e.,
the location of HST). Moreover, due to the existence of LoS, the number of effective channel
paths L is no less than 1 for all time. Fig. 5 shows the statistical results of numbers of effective
channel paths during a HST traverse. It can be seen that nearly 41% of locations have 3 effective
channel paths, i.e., one LoS path and two NLoS paths. Meanwhile, the locations with 2 effective
channel paths, i.e., one LoS and NLoS path, account for the second largest proportion with nearly
33%. The proportion of locations with only LoS path is about 13% and almost the same as that
of locations with 4 effective channel paths, i.e., one LoS path and three NLoS paths. However,
the locations with 5 effective channel paths, i.e., one LoS path and four NLoS paths account
for the smallest percentage of all, which is less than 1%. Assuming all CSI is known perfectly,
the maximum spectral efficiencies, i.e., theoretical spectral efficiency limits, are calculated for
all locations with different values of parallel streams at the transceivers. Fig. 6 shows the means
and variances of theoretical spectral efficiency limit by varying the number of parallel streams
at transceivers. It can be seen that the theoretical limits improve with the number of parallel
streams. However, when the number of parallel streams is beyond 3, the improvement is too
small to be noticed. The reason is that the path loss of higher-order reflected NLoS paths are
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very severe and their contribution of received signal energy can be neglected. Considering the
complexity and cost of hardware implementation, the number of parallel streams can be set to be
3 to maximize the system capacity as much as possible, which is also adopted in the following
simulations.
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Fig. 4. The temporal evolution of all paths in HST scenario.
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Fig. 5. Percentage of locations with different effective channel paths L when a HST traverses the coverage of an mRRH.
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Fig. 6. Achievable limits of spectral efficiency with different number of parallel streams.
To evaluate the performance, it is desired to compare our proposed beam searching algorithm
with other algorithms via computer simulations. Unfortunately, there does not exist a beam
searching algorithm designed for the mmWave HST communications. Since the brute-force
sequential beam searching is the most simply and straightforward, we try to modify it to address
the temporal correlation of dominant multipath behaviors in mmWave HST channels. In the
modified sequential beam searching algorithm, there is totally M measurements for each TTI
and M AoD and AoA pairs are selected for measurement. All AoD and AoA pairs associated with
the paths that are used for data transmission in the previous TTI will be selected for measurement
again. Then, the remaining available measurements are allocated to the AoD and AoA pairs which
are sequentially searched from the whole Tx/Rx angle plane. After the measurement, only D
paths with best channel conditions will be chosen from the M measured paths for further data
transmission. Under the same simulation environments, our proposed beam searching algorithms
are compared with the benchmark modified sequential beam searching algorithm.
Fig. 7 compares the cumulative regret of spectral efficiency under the proposed bandit inspired
beam searching algorithm and the modified sequential beam searching algorithm. The upper
bounds on the proposed bandit inspired beam searching algorithm from Theorem 1 is not plotted
here, since the bounds are loose especially. Finding tight upper bounds is a subject of future
study. It can be seen from Fig. 7 that the proposed algorithm outperforms the modified sequential
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Fig. 7. Cumulative Loss of Spectral Efficiency (bps/Hz) versus time slot with M = 6 and Nr = Nt = 32 .
algorithm significantly. Moreover, while a HST traverses the coverage of the mRRH for the first
time, i.e., from timeslot 1 to 20,000, the regret of the proposed algorithm increases quickly.
The reason is that the propagation environment information is unknown in advance. Limited
by the number of measurements of each timeslot, the proposed algorithm is searching the all
available paths gradually, which results in the loss of achievable spectral efficiency. Meanwhile,
the information of all available paths at all locations are obtained and collected with the aid
of reward mechanism in the bandit model. Then, when the HST traverses for the second time,
i.e., from timeslot 20,001 to 40,000, the regret of the proposed algorithm increases quite small,
which indicates nearly all available paths at all locations have been explored and exploited for
the data transmissions.
In order to further verify the learning effect of the proposed algorithm, Fig. 8 shows the mean
spectral efficiency performance versus the traverse number of HST. It can be seen that the mean
spectral efficiency performance approaches the theoretical spectral efficiency limits very quickly.
More specific, when a second HST traverses, the proposed algorithm obtains nearly the same
mean spectral efficiency performance as the theoretical spectral efficiency limits, which indicates
the proposed algorithm can learn the propagation environments very quickly and is consistent
with the results shown in Fig. 7.
Fig. 9 shows how the mean spectral efficiency of the proposed algorithm changes with the
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Fig. 8. Mean Spectral Efficiency (bps/Hz) versus the traverse number of HST with M = 6 and Nr = Nt = 32.
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Fig. 9. Mean spectral efficiency (bps/Hz) versus the traverse number of HST with Nr = Nt = 32 for different number of
measurements.
traverse number of HST for different numbers of measurements. When a first HST traverses, it
can be seen that the gap between the proposed algorithm and the theoretical limits decreases
with the number of measurements, which indicates increasing the number of measurements will
accelerate the exploration of available paths. Moreover, when a second HST traverses, only the
proposed algorithm with M = 4 keeps a gap to the theoretical spectral efficiency limits, which
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indicates that M = 4 is too small to explore all available paths quickly. Therefore, an appropriate
number of measurements must be selected carefully for practical systems to balance the learning
ability of the proposed algorithm and the data transmission capacity.
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Fig. 10. Mean spectral efficiency (bps/Hz) versus the traverse number of HST for different antenna element number of mRRH
and different number of measurements.
Fig. 10 shows the performance of the proposed algorithm with different antenna element
number of mRRH and different number of measurements. It can be seen that the theoretical
limits of mmWave HST channel increase with the antenna elements of mRRH. The reason is
that increasing the elements number of antenna array will narrow the beamwidth and improve
the beam gain, which can enhance the received signal strength and reduce the interference
among different paths. However, with the growth of the elements number of antenna array, the
size of VCM HV increases proportionally, which results in the enhancement of difficulties for
beam searching in mmWave HST channels. Therefore, the number of measurements increases
accordingly. However, compared with the number of entries in HV, i.e. NtNr, a very small
number of measurements can be selected for the proposed algorithm to approach the performance
of the theoretical limits within only a few traverses of HSTs.
VII. CONCLUSIONS
Since the channel conditions vary quickly in mmWave HST communication systems, channel
estimations should be performed frequently. However, conventional channel estimation schemes
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are not applicable in the HST scenarios. Motivated by the successful applications of the MAB in
solving the sequential and selection problems, this paper has formulated the beam searching of
mmWave HST communication as a MAB problem and proposed a bandit inspired beam searching
scheme to accelerate the channel estimation process. In the proposed scheme, the wireless
propagation historic information is exploited to reduce the number of path measurements as much
as possible. In addition, the regret of the proposed scheme, which grows logarithmical in time and
linearly with the number of arms, was proved to be upper bounded. Finally, simulation results
have validated the effectiveness of the proposed scheme, which can approach the theoretical
limit with only a few traverses of HSTs.
REFERENCES
[1] B. Ai, X. Cheng, T. Kl´z´rner, Z. D. Zhong, K. Guan, R. S. He, L. Xiong, D. W. Matolak, D. G. Michelson, and C. Briso-
Rodriguez, “Challenges toward wireless communications for high-speed railway,” IEEE Trans. Intell. Transp. Syst., vol. 15,
no. 5, pp. 2143–2158, Oct. 2014.
[2] K. Guan, G. Li, T. Kl´z´rner, A. F. Molisch, B. Peng, R. He, B. Hui, J. Kim, and Z. Zhong, “On millimeter wave and THz
mobile radio channel for smart rail mobility,” IEEE Trans. Veh. Tech., vol. 66, no. 7, pp. 5658–5674, Jul. 2017.
[3] B. Ai, K. Guan, M. Rupp, T. Kurner, X. Cheng, X. F. Yin, Q. Wang, G. Y. Ma, Y. Li, L. Xiong, and J. W. Ding, “Future
railway services-oriented mobile communications network,” IEEE Commun. Mag., vol. 53, no. 10, pp. 78–85, Oct. 2015.
[4] J. Wang, H. Zhu, and N. J. Gomes, “Distributed antenna systems for mobile communications in high speed trains,” IEEE
J. Sel. Areas Commun., vol. 30, no. 4, pp. 675–683, May 2012.
[5] Z. Pi and F. Khan, “An introduction to millimeter-wave mobile broadband systems,” IEEE Commun. Mag., vol. 49, no. 6,
pp. 101–107, Jun. 2011.
[6] T. S. Rappaport, S. Sun, R. Mayzus, H. Zhao, Y. Azar, K. Wang, G. N. Wong, J. K. Schulz, M. Samimi, and F. Gutierrez,
“Millimeter wave mobile communications for 5G cellular: It will work!” IEEE Access, vol. 1, pp. 335–349, May 2013.
[7] Z. Lin, M. Lin, J. B. Wang, Y. Huang, and W. P. Zhu, “Robust secure beamforming for 5G cellular networks coexisting
with satellite networks,” IEEE J. Sel. Areas Commun., vol. 36, no. 4, pp. 932–945, Apr. 2018.
[8] M. Cheng, J. B. Wang, Y. Wu, X. G. Xia, K. K. Wong, and M. Lin, “Coverage analysis for millimeter wave cellular
networks with imperfect beam alignment,” IEEE Trans. Veh. Tech., pp. 1–1, 2018.
[9] “Updated high speed train scenario desciption,” CMCC, China, Busan, Tech. Rep. R1-163867, Apr. 2016.
[10] “WF on evaluation assumptions for high speed train scenario: Macro + relay at 30GHz,” Etic, Korea, Nanjing, Tech. Rep.
R1-165484, May 2016.
[11] C. H. Doan, S. Emami, D. A. Sobel, A. M. Niknejad, and R. W. Brodersen, “Design considerations for 60 GHz CMOS
radios,” IEEE Commun. Mag., vol. 42, no. 12, pp. 132–140, Dec. 2004.
[12] A. Alkhateeb, O. E. Ayach, G. Leus, and R. W. Heath, “Channel estimation and hybrid precoding for millimeter wave
cellular systems,” IEEE J. Sel. Topics Signal Process., vol. 8, no. 5, pp. 831–846, Oct. 2014.
[13] V. Venkateswaran and A. J. van der Veen, “Analog beamforming in MIMO communications with phase shift networks
and online channel estimation,” IEEE Trans. Signal Process., vol. 58, no. 8, pp. 4131–4143, Aug. 2010.
[14] F. Sohrabi and W. Yu, “Hybrid digital and analog beamforming design for large-scale antenna arrays,” IEEE J. Sel. Topics
Signal Process., vol. 10, no. 3, pp. 501–513, Apr. 2016.
October 16, 2018 DRAFT
25
[15] M. Kokshoorn, H. Chen, P. Wang, Y. Li, and B. Vucetic, “Millimeter wave MIMO channel estimation using overlapped
beam patterns and rate adaptation,” IEEE Trans. Signal Process., vol. 65, no. 3, pp. 601–616, Feb. 2017.
[16] L. Zhao, D. W. K. Ng, and J. Yuan, “Multi-user precoding and channel estimation for hybrid millimeter wave systems,”
IEEE J. Sel. Areas Commun., vol. 35, no. 7, pp. 1576–1590, Jul. 2017.
[17] A. Alkhateeb, G. Leus, and R. W. Heath, “Compressed sensing based multi-user millimeter wave systems: How many
measurements are needed?” in Proc. 2015 IEEE Int. Conf. Acoust., Speech and Signal Process. (ICASSP), Apr. 2015, pp.
2909–2913.
[18] M. Kokshoorn, H. Chen, Y. Li, and B. Vucetic, “Beam-on-graph: simultaneous channel estimation for mmWave MIMO
systems with multiple users,” IEEE Trans. Commun., pp. 1–1, 2018.
[19] S. Bi, R. Zhang, Z. Ding, and S. Cui, “Wireless communications in the era of big data,” IEEE Commun. Mag., vol. 53,
no. 10, pp. 190–199, Oct. 2015.
[20] N. Gonzalez-Prelcic, A. Ali, V. Va, and R. W. Heath, “Millimeter-wave communication with out-of-band information,”
IEEE Commun. Mag., vol. 55, no. 12, pp. 140–146, Dec. 2017.
[21] A. Ali, N. Gonzl´c´lez-Prelcic, and R. W. Heath, “Millimeter wave beam-selection using out-of-band spatial information,”
IEEE Trans. Wireless Commun., vol. 17, no. 2, pp. 1038–1052, Feb. 2018.
[22] A. Klautau, P. Batista, N. G. Prelcic, Y. Wang, and R. W. Heath, “5G MIMO data for machine learning: application to
beam-selection using deep learning,” in Proc. Inf. Theory and Appl. Workshop (ITA), Jan. 2016, pp. 1–6.
[23] A. Alkhateeb, S. Alex, P. Varkey, Y. Li, Q. Qu, and D. Tujkovic, “Deep learning coordinated beamforming for highly-mobile
millimeter wave systems,” IEEE Access, pp. 1–1, Jun. 2018.
[24] H. He, C. K. Wen, S. Jin, and G. Y. Li, “Deep learning-based channel estimation for beamspace mmWave massive MIMO
systems,” IEEE Wireless Commun. Lett., pp. 1–1, 2018.
[25] S. Bubeck and N. Cesa-Bianchi, Regret Analysis of Stochastic and Nonstochastic Multi-armed Bandit Problems. NOW:
Foundations and Trends in Machine Learning, 2012, vol. 5, no. 1.
[26] Y. Gai and B. Krishnamachari, “Distributed stochastic online learning policies for opportunistic spectrum access,” IEEE
Trans. Signal Process., vol. 62, no. 23, pp. 6184–6193, Dec. 2014.
[27] J. Zhu, Y. Song, D. Jiang, and H. Song, “Multi-armed bandit channel access scheme with cognitive radio technology in
wireless sensor networks for the internet of things,” IEEE Access, vol. 4, pp. 4609–4617, Aug. 2016.
[28] X. Li, J. Liu, L. Yan, S. Han, and X. Guan, “Relay selection for underwater acoustic sensor networks: A multi-user
multi-armed bandit formulation,” IEEE Access, vol. 6, pp. 7839–7853, Feb. 2018.
[29] H. Zhu, “Performance comparison between distributed antenna and microcellular systems,” IEEE J. Sel. Areas Commun.,
vol. 29, no. 6, pp. 1151–1163, Jun. 2011.
[30] O. E. Ayach, S. Rajagopal, S. Abu-Surra, Z. Pi, and R. W. Heath, “Spatially sparse precoding in millimeter wave MIMO
systems,” IEEE Trans. Wireless Commun., vol. 13, no. 3, pp. 1499–1513, March 2014.
[31] J. Yang, B. Ai, D. He, L. Wang, Z. Zhong, and A. Hrovat, “A simplified multipath component modeling approach for
high-speed train channel based on ray tracing,” Wireless Commun. Mobile Comput., vol. 2017, pp. 1–14, Oct. 2017.
[32] M. Lin, J. Ouyang, and W. P. Zhu, “Joint beamforming and power control for device-to-device communications underlaying
cellular networks,” IEEE J. Sel. Areas Commun., vol. 34, no. 1, pp. 138–150, Jan. 2016.
[33] J. Brady, N. Behdad, and A. M. Sayeed, “Beamspace MIMO for millimeter-wave communications: system architecture,
modeling, analysis, and measurements,” IEEE Trans. Antennas Propag., vol. 61, no. 7, pp. 3814–3827, Jul. 2013.
[34] P. Auer, N. Cesa-Bianchi, and P. Fischer, “Finite-time analysis of the multiarmed bandit problem,” Mach. Learn., vol. 47,
no. 2, pp. 235–256, May 2002.
October 16, 2018 DRAFT
26
[35] I. A. Hemadeh, K. Satyanarayana, M. El-Hajjar, and L. Hanzo, “Millimeter-wave communications: Physical channel
models, design Cconsiderations, antenna constructions, and link-budget,” IEEE Commun. Surveys. Tuts., vol. 20, no. 2, pp.
870–913, Secondquarter 2018.
October 16, 2018 DRAFT
